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Summary 
Our exposure to environmental radiofrequency (RF) electromagnetic fields (EMF) at a given location is inherently 
dynamic due to the constantly-changing nature of both our environment as well as the telecommunications 
networks present in it. More than a year of measurement data was collected in a fixed low-cost urban 
exposimeter network and analysed to build a spatio-temporal surrogate model of the exposure to 
environmental telecommunications signals. We observed that by taking into account the moment of the 
measurement in the modelling the accuracy of the resulting surrogate model in the area under study was 
improved by up to 50% compared to models that neglected the daily temporal variability of the RF signals. 
 
Introduction 
Human exposure to environmental radiofrequency (RF) electromagnetic fields (EMF) is not at all constant in 
time, due to environmental changes and variations in the number of active users (as well as the nature of their 
activity) in telecommunications networks. However, previous studies that aimed to characterize this exposure 
have tended to ignore the temporal dimension. Here, the impact of the temporal variability of 
telecommunications signals on outdoor RF-EMF exposure characterization was investigated. Measurements of 
three downlink telecommunications signals – i.e., from base station to user device – were collected during more 
than a year in a low-cost exposimeter network within an urban setting. From this vast set of data, full spatio-
temporal surrogate models of the exposure in the area under study to the considered RF signals were built. 
Furthermore, global profiles of the daily variation of the signals were composed and used to quantify the 
improvement of adding the temporal dimension to established RF-EMF surrogate modelling techniques. 
 
Materials & Methods 
Monitoring network 
In the EU-FP7 LEXNET project, RF-EMF exposimeters were added to the SmartSantander Internet-of-Things (IoT) 
platform (http://smartsantander.eu/) [Diez2014], covering an area of 0.4 km by 1.4 km. The exposimeters were 
developed for large-scale deployment, thus as cost-efficiently as possible, and measure the environmental 
exposure (quantified by the electric field strength E, in V/m) induced by the three most-used 
telecommunications technologies (at that time, these were GSM at 900 MHz (GSM900) and 1800 MHz 
(GSM1800), and UMTS at 2100 MHz). Frequency bands specifically used by fourth generation (4G) Long Term 
Evolution (LTE) were not included, as this technology was not yet in use when the exposimeters were installed 
in 2014 [Diez2014]. Each of the considered frequency bands were alternately selected using an RF switch in the 
exposimeter, and the nominal sample collection time (one value for each band) was either 5 or 10 minutes, 
depending on the specific exposimeter. The data used in this study were collected during 14 months – between 
9th of December, 2015, and the 15th of February, 2017. 
 
Temporal profiles 
For the three considered telecom signals, the average trends of the signal strength were identified over a day 
(i.e., the variation of the signal between 00:00 and 23:59, averaged over all measurement days) or a week (i.e., 
the daily variation depending on the day of the week). In order to obtain a smoother profile, and because the 
sampling time was not the same for all exposimeters, hour-aggregated averages were used in this analysis – i.e., 
for each day, the (24) average electric-field values captured between HH:00 and HH:59 (with HH = 00 to 23) 
were calculated. Furthermore, to rule out any potential bias due to long-term variations in the signal (due to, 
for example, changes in the network infrastructure), we used the relative variation of the signal compared to 
the daily average (η). Finally, by aggregating and averaging all these relative values (over the entire 14-month 
measuring interval) per time slot, defined as (a) hour (HH, with HH = 00 to 23), or (b) day-hour (DDD-HH, with 
DDD = MON to SUN, or Monday to Sunday), temporal profiles were created. 
 
Spatio-temporal surrogate modelling 
In the final step, we investigated the possibility of creating, at any instance of time h, a spatial surrogate model 
using a subset of the measurements collected over the measuring interval. This subset, i.e., the electric-field 
values E(hi, Xi) (i = 1 … N) collected at instances hi and locations Xi, would mimic a real-life measurement 
campaign with multiple measurement devices (of the same type) at the same time and possibly returning to the 
same locations at different instances. By rescaling the used samples E(hi, Xi), which were collected at hi, to the 
considered instance h, using the identified temporal profiles, and subsequently interpolating them (using 
ordinary kriging) over the study area, we created a surrogate model (at instance h) that should account for the 
signal’s temporal variability while performing the measurement campaign. 
To assess the validity of this spatio-temporal modelling, first, the ‘correct’ spatial model at h was constructed 
using the exact information available at that instance (i.e., E(h, Xk), with k = 1 … the number of exposimeters) – 
we call this the reference model.  Then, three types of models were built from the subset E(hi, Xi): a non-adjusted 
model (no rescaling), an hour-adjusted model (rescaling according to the hour profile), and a day-hour-adjusted 
model (rescaling according to the day-hour profile). All three types were compared to the reference model by 
calculating the relative error of the model compared to the reference model (called temporal bias). 
 
Results & Discussion 
Monitoring network 
The SmartSantander exposimeter network consisted of 36 exposimeters that were active during any period of 
time between 9th of December, 2015, and the 15th of February, 2017. For all further analysis, only the 
exposimeters with an adequate amount of measurements were retained to create temporal profiles (i.e., 50 
days, or 14,400 or 7,200 measurements, at respective measurement collection times of 5 min and 10 min) and 
removed the (four) malfunctioning devices from the analysis. The locations (and IDs) of the 32 considered 
exposimeters of the network considered in this study are shown in Figure 1. 
 
FIGURE 1: THE (X,Y)-LOCATIONS AND IDS OF THE EXPOSIMETERS CONSIDERED IN THIS STUDY. 
Temporal profiles 
In order to mitigate the modelling errors induced by performing measurements at different time instances, 
temporal profiles were constructed. From Figure 2, in which the hour profiles (for which the day of the week 
was disregarded) are plotted, one can see that the daily variation in the UMTS band was the highest, although 
the extreme variations remained quite small (0.60 – 1.40). For GSM1800, as well as GSM900 and the total field, 
the electric-field strength hovered between +/- 20% of the daily average. Comparing weekdays (not shown 
here), Monday to Thursday appeared to be fairly similar, though Friday, Saturday, and Sunday all boasted distinct 
variations. Furthermore, the weekend nights exhibited higher variations, while they were lower for weekend 
mornings and afternoons. Here as well, these trends were more outspoken for UMTS than for the other signals. 
 
  
(a) GSM900. (b) GSM1800. 
  
(c) UMTS. (d) Total. 
FIGURE 2: HOUR PROFILES (AVERAGED OVER ALL MEASUREMENT LOCATIONS). 
The fact that η remains so close to 1 (Figure 2), in contrast to the high variability observed between single, 
momentaneous measurements (which, we observed, could reach 42 dB, or a factor 12,000 in power density) 
emphasizes the potential errors inherent to instantaneous measurements, and justifies the use of hour-
aggregated values in further analysis. 
Spatio-temporal modelling 
For the final step, we selected December 1st, 2016 to December 7th, 2016 as our measuring interval. For 
illustration, the reference model at 2pm, December 4th of the GSM900 exposure in the area under study is shown 
in Figure 3. 
 
FIGURE 3: SURROGATE MODELS AT DIFFERENT TIME INSTANCES (OR REFERENCE SLICES) FOR GSM900 (DOWNLINK). THE 
BLACK SQUARES INDICATE EXPOSIMETER LOCATIONS (SEE FIGURE 1). 
From the total set of (hour-averaged) measurements between 01-12-16, 00:00, and 07-12-16, 23:00, subsets of 
100 samples, taken at random locations and time instances, were used to build surrogate models at each time 
instance h in the measuring interval, using (i) the non-adjusted values, (ii) the day-hour-adjusted values, and (iii) 
the hour-adjusted values. This was done for each signal. Then, to quantify the usefulness of the introduced 
temporal profiles, for each time-instant h within the considered measuring interval, the reference models were 
subsequently compared with the (non-)adjusted surrogate models. The medians of the introduced temporal 
bias are listed in Table 1. 
TABLE 1: MEDIAN TEMPORAL BIAS INTRODUCED IN THE INTERPOLATION MODEL USING NON-, HOUR-, AND DAY-HOUR 
ADJUSTED MEASUREMENT VALUES. 
Signal 
Median temporal bias (-) 
Non-adjusted Hour-adjusted Day-hour-adjusted 
GSM900 0.10 0.08 0.06 
GSM1800 0.13 0.09 0.07 
UMTS 0.25 0.15 0.12 
Total 0.14 0.09 0.06 
Average 0.16 0.10 0.08 
It is clear that using temporal profiles to rescale measurements to the correct time significantly reduced the 
temporal bias introduced in the model. The day-hour-adjusted models clearly offer the best results (on average 
50% improvement; Table 1), though using the hour profiles offered a reasonable improvement as well (on 
average 38% improvement; Table 1). Of the three signals, the temporal bias as well as the potential reduction 
was the highest for UMTS, which follows the observation that the average variation of EUMTS over a day was 
larger than those of the GSM bands. This behavior indicates a larger dependency on the UMTS network, 
especially during peak hours (around noon and 7pm – Figure 2). 
Conclusions 
Due to short-term variation over a day or over a week in environmental RF-EMF, measurements performed at 
different moments during this time can introduce a temporal bias in surrogate models of the RF-EMF exposure 
such as created in previous studies [e.g., Aerts2013]. It was found in this study that, by rescaling measurements 
taken at different moments to the same instance of time using temporal profiles, i.e., average trends of the 
electric-field strength over a certain period of time, a reduction of the temporal bias by up to 40% can be 
achieved when adjusting only for the hour, and 52% when also adjusting for the day of the week (both for UMTS). 
The mitigation worked best for UMTS because of its smoother and more outspoken temporal variation during a 
day. Finally, the work presented here indicates that the methodologies used in previous studies should include 
time, either as a fully-fledged extra dimension (next to x and y) which is brought into the smart-sampling 
methodology, or through long-term temporal measurements at one or more locations within the area to obtain 
an area-averaged temporal profile. This, as well as the validation of the findings reported here in other cities 
and environments, will be the subject of future research. 
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